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The current expected loss calculations have recently attracted considerable attention in the research on credit risk modeling,
impairment provisioning, and financial networks’ stability. A new CDS-based approach to estimate current expected credit loss is
proposed for lowdefault portfolios, containing credit exposures to corporate issuers covered by publicly tradedCDS contracts. First,
a fraction of CDS spread related to a pure default compensation for different CDS maturities is assessed. Our results contrast with
previous research. Second, based on the obtained historical weights of the default risk premium, a forward-looking term structure
of the probabilities of default implied by the current CDS quotes is derived. The proposed approach covers both investment and
noninvestment grade debt.The resulting framework is applied to a sample of corporate bonds.Thedevelopedmethodology provides
a useful tool, on one hand, for credit risk managers and balance-sheet preparers and, on the other hand, for regulators of financial
markets as it sheds light on how procyclicality could be avoided in provisions.

1. Introduction

Financial systems, being complex networks in their nature,
evolve continuously and their features undergo a never-
ending process of substantial changes (see, e.g., Tabak et al.
[1]). There is a vast body of recent literatures on systemic
financial risk arising from interconnectedness of institutions,
targeting financial systems’ stability (see, e.g., Aymann et
al. [2]; Souza et al. [3]; Silva et al. [4]). One of the impor-
tant domains analyzed in literature is the case of financial
networks primarily linked through different types of credit
contracts, portfolio contagion, or credit guarantees, (see, e.g.,
Li andWen [5], Anagnostou et al. [6], and Jiang and Fan [7]).

However, themajor part of the studies considers intercon-
nectedness of institutions, which is mostly due to one certain
mechanism of interactions, being either credit relationship,
or derivatives-linked connectivity, or foreign exchange driven
linkages, or other one-dimensional factors (Li and Wen [7]
and Poledna et al. [8]). Still, agents of real financial systems
interact in diverse manners and through several channels.
Such a situation could be duly modeled by bipartite (Huang

et al. [9]) and/or bymultiplex, that is, multilayer (Li andWen
[5] and Poledna et al. [8]) networks.

With respect to the credit risk interconnectedness, it
occurs at least at two different layers. The first one is
the level of prudential regulation, at which the minimal
capital requirements are established as obligatory for diverse
financial institutions. The main objective to oblige financial
institutions to hold capital buffers is to create resilience in
the financial system by allowing banks and other lenders
to withstand unexpected losses under eventuality of adverse
future scenarios. The second layer is the level of impairment
provisioning framework, related to the new accounting stan-
dards, recently issued by the Financial Accounting Standard
Board (FASB) and by the International Accounting Standard
Board (IASB), known, respectively, as CECL framework and
IFRS 9 [10, 11]. Both the CECL model and IFRS 9 framework
require financial institutions to abandon the solely incurred
losses based accounting and estimate expected losses over the
lifetime of credit exposures.

On one hand, the idea of these new standards is to address
some issues revealed by the global financial crisis, including
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those related to the incurred credit lossmodel. But if account-
ing, previously, was focused only on registering facts of the
past, now a component of futurology, regarding expected
credit losses, is entering into the domain of accounting,
augmenting its interconnectedness with capital allocation
framework and, hence, in a certain sense, potentially leading
to systemic risks of other kinds, especially related to eventual
procyclicality in the credit loss provisions, making both
capital and provisioning frameworks interlinked [12, 13].

Both CECL and IFRS 9 standards allow the use of mar-
ket sensitive parameters and, henceforth, are expected to
cause cyclicality in provisions. However, what represents
a potentially dangerous systemic handicap is an eventual
unintended procyclicality, that is, amplified cycle-related
fluctuations of impairment allowances, driven by the new
accounting standards implementation.

Additionally, the systemic risk in the global financial
system is interlinked even at a higher degree than one may
perceive at the first sight, as both the capital allocation and
the credit loss provisioning frameworks employ usually the
same parameters of the credit risk, namely, probability of
default (PD), loss given default (LGD), and exposure at
default (EAD). It is worth noticing that the assessment of PDs
for low default portfolios is one of the greatest hurdles for
satisfying CECL and IFRS 9 requirements. Hence, financial
institutions try to employ PD, derived from the same data
for both capital requirements calculation, which must have
through-the-cycle (T-t-C) features, and for expected loss
provisioning, which must be based on the current forward-
looking PDs. The perils of use of the unique risk measure
across the financial system are evidenced, using the VaR
metrics example by Aymann et al. [2].

Hence, from the point of view of financial networks’
stability, it becomes highly desirable to use different sources
of critical credit risk parameters, at least for PD. Such
possibility will allow disentangling the capital requirements
and the loss provisioning levels in themultiplex credit-related
financial network, thus permitting diminishing procyclicality
and potentially reducing overall systemic risks of the global
financial system. The methodological approach presented
herein is based on the use of CDS spreads as a starting point
to estimate PDs and hence represents an alternative source
with respect to PDs usually used by financial institutions to
dimension their capital allocation processes.

Apart from our aspiration to shed light on possible
ways to reduce procyclicality in provisions and diminish
the systemic risk related to credit exposures, our motivation
resides in our goal to propose a robust approach to deal
with credit risk of low default portfolios. One needs to bear
in mind that rare default events characterize some sectors
like sovereign, banking, insurance, and so on. In this regard,
the use of market-based metrics allows us to develop and
calibrate PD models. Forward-looking PDs can easily be
derived from publicly traded single-name CDS as spread
quotes are usually available on a daily basis. A wide literature
(see, e.g., Choudhry, [14]) describes how to move from CDS
spreads to PD estimates.

Another feature facilitating the use of CDS spreads is their
low correlation with interest rates. This circumstance makes

them naturally suitable for credit impairment computation,
which, at least in a pure theory, should not be affected
by interest rate movements. For advanced reading on the
interrelation between the credit spread and interest rates, see
Gubareva and Borges [15]. While using yields and/or bond
prices, they get influenced by the interest rates, as interest
rates affect the time value ofmoney but not necessarily impact
the credit quality of the exposures. The use of CDS spreads
makes, hence, the PD calculation sort of immune to interest
rate trends as herein we are focused on creditworthiness of
issuers.

It is worth noting that CDS spreads are commonly
used in the literature to proxy credit risk. For additional
reading, related to the use of CDS quotes for economic
capital management, see Gubareva and Borges [16] and the
references therein. Another case for CDS use is that CDS
is also a very efficient and sensitive instrument to measure
credit risk. For example, Sensoy et al. [17], studying dynamics
of CDS contracts in emergingmarkets, demonstrate that CDS
can be efficient even in the crisis episodes.

In accordance with the CECL and IFRS 9 account-
ing standards, robust and sound credit risk methodologies
should not rely only on subjective, biased overly optimistic/
pessimistic assumptions, or be based on purely hypothetic
wishful-thinking considerations. The use of CDS spreads
diminishes the importance of generating scenarios for ECL
estimation, as they already reflect a certain set of market
scenarios properly discounted bymarket participants. That is
why the above-mentioned regulatory bodies, FASB and IASB,
consider CDS spreads as valid market indicators of future
debt performance: market price clears the battle of market
participants’ perspectives.

In this regard, we would like to point out that loss
provisioning under CECL and IFRS 9 usually relies on a
link function with macroeconomic scenarios, as PDs used by
a vast majority of financial institutions for the origination,
pricing, and capital adequacy assessment purposes are T-
t-C measures, which lack point-in-timeliness and forward-
looking aspects. To overcome these deficiencies, usually such
financial institutions employ macroeconomic scenarios to
transform their otherwise T-t-C PDs into current forward-
looking estimates. That is why subjective scenario analysis
usually becomes crucial for the entire ECL modeling.

The robustness of our approach vis-à-vis competing
methods is its objectivity, as no subjective assumptions are
needed to be made for expected credit loss (ECL) estimation,
as our PDs are derived from CDS spread data currently
observed in the market. Within the proposed CDS-based
methodology, at any reporting date, PDs estimates are derived
from CDS spreads term structure, which represents current
forward-looking measures, as the macro- and microeco-
nomic scenarios are already properly weighted by themarket,
which clears the respective CDS spreads for several maturi-
ties.

In order to further enhance our methodology, later
on, it also could be linked to macroeconomic scenarios.
Nevertheless, this topic remains outside of the scope of the
current research paper. Our approach is also in line with
the real economic value (REV) methodology applied by
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the European Commission to evaluate impaired portfolios,
which is based on a long-term average risk premium; see, for
instance, Heynderickx et al. [18].

With respect to advancement of knowledge frontier in the
domain of financial networks complexity, ECL calculation,
and impairment provisioning, our paper contributes to the
literature in the two following dimensions. First, we elaborate
an effective approach for banks and financial institutions to
optimize their modeling capacities complying with CECL
and IFRS frameworks.Our approach allows estimating a truly
forward-looking CECL which is free of subjective scenario
analyses and thus enhances objectivity and reliability of the
impairment allowances.

Second, to enable unbiased estimates of forward-looking
PDs, we split theCDS spread into two, default and nondefault,
components by assessing default risk premium for each
forward term. This allows us to go beyond the actual frontier
in CDS area. To the best of our knowledge, a somewhat
similar study is performed by Huang and Huang [19] for the
bond markets for 1973-1998. Authors attempt to calculate the
weight of credit risk observed in corporate-Treasury yield
spreads.

Additionally, the research paper by Arakelyan and Ser-
rano [20], analyzing relatively recent data, assesses the frac-
tion of the default component in CDS spreads within the
period of 2004-2011. Still the main focus of this study is the
liquidity component of CDS spreads.Thus, the quantification
of the default-risk part of CDS spreads represents a by-
product analysis of the main subject of this research, being
assessed as a difference between the CDS spread and the
liquidity component. However, our proposed CDS-based
calibration approach to estimate the weight of the default
component (WDC) is more robust and covers more recent
period of 2007-2017, which is more relevant for CECL
methodologies elaboration.

The rest of the paper is organized as follows. In the
next section, we discuss conceptual remarks of the proposed
approach aimed at deriving unbiased forward-looking PDs
from CDS spreads. In the third section, we detail our PD
calibration methodology and introduce the technique for
distilling the WDC of CDS spreads. In the fourth section,
we perform the calibration of our model and calculate the
WDCs for BBB+, BBB, BBB-, BB+, BB, BB-, and lower than
BB- ratings ranges of corporate debt for each point in the
CDS spread term structure. In the fifth section, we illustrate
an application of the calibrated PD term structure to the
CECL-compliant ECL calculations for a set of Investment
Grade (IG) and High Yield (HY) bond positions. The sixth
and final section presents our conclusions and discusses their
implications.

2. Model Set-Up: Forward-Looking PD
Projection Based on CDS Spreads

2.1. Conceptual Remarks. Under CECL and IFRS 9 frame-
works, the use of PD/LGD DCF method in the ECL cal-
culations implies a necessity of the forward-looking projec-
tions of PD and LGD parameters. However, estimation of
forward-looking PDs is in fact a major hurdle, especially

for low-default portfolios. However, CECL and IFRS 9
frameworks are principal-based and impose only few specific
requirements on methodology. They do not provide a par-
ticular methodology for calculating allowances, stating just
that the loss allowances must reflect ECL based on past loss
experiences, current economic situations, and “reasonable
and supportable” forecasts of future economic conditions.
Therefore, the modeling choices may generate variations in
impairment allowances across institutions.

Hence, employing current CDS spreads for deduction
of default term structure potentially helps to address the
challenge of estimation of forward-looking PDs, because
such market data incorporate both current information and
forward-looking perspective. So, on one hand, CDS spreads
contain information regarding credit quality of obligors avail-
able at the current point in the economic cycle. On the other
hand, the term structure of CDS spreads permits deriving the
respective term structure of spread-implied cumulative and
then marginal PDs.

ECLmethodologies and their implementation issues have
recently attracted great attention of the academia researchers
and practitioners; seeMcPhail andMcPhail [21], Chawla et al.
[22], Skoglund [23], and Zhang [24], among others. However,
to the best of our knowledge, no methodology for credit loss
impairment provisioning based on CDS spread quotes has
been presented until now. Our paper fills this gap.

In addition, there are no sufficient internal data on low-
default fixed-income portfolios to be used for the develop-
ment of accurate internal models for ECL calculation. This
could be explained by the rarity of the observed default
events. At the same time, a considerable amount of external
information on bonds, credit-linked notes, and alike instru-
ments, includingCDS, is available bymany providers through
the Bloomberg, Thomson-Reuters DataStream, and other
data platforms. Therefore, we become motivated to design
an easy-to-implement and easy-to-use methodology for ECL
calculation in low-default bond portfolios based on public,
readily available market data.

In line with the “guidelines on credit risk and accounting
for expected credit losses” by the Basel Committee on
Banking Supervision [25], sound credit risk methodologies
should not merely rely on subjective, inherently biased
assumptions or on purely hypothetic scenario constructions.
Employing CDS spreads allows dedicating fewer efforts to
scenario analyses, as traded CDS spreads by their proper
nature represent an outcome of a set of scenarios properly
discounted by market players.

Thus, CDS-based methodology allows preserving point-
in-timeliness and forward-looking features of risk parameters
as it relies on current projections of forward-looking PDs in a
form of a PD term structure. Nevertheless, a methodological
adjustment is needed as resulting PDs are inflated due to the
nondefault component present in CDS spreads. We need to
purge it out to allow for accurate PDs and, therefore, ECL
estimates.

Note that a neutral character of ECL estimations is a goal
of CECL framework,meaning that neither PDs nor ECLmust
be overoptimistic or overprudential. They just need to be
precise and accurate to the maximum extent possible.
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Figure 1: Global Corporate Default Rates (1994–2016).

2.2. Through-the-Cycle Observed Default Rates versus For-
ward-Looking PD Projections. Two different but comple-
mentary P-i-T and T-t-C concepts are usually employed by
financial entities to describe the behavior of the PD. No
exact definitions exist, but normally it is assumed that P-i-
T PD is mostly based on current micro- and macroeconomic
situations, while the T-t-C metrics PD is almost unaffected
by economic conditions. It is also worth noting that many
hybrid approaches are developed and used by lenders, rating
agencies, and other institutions.

Alternatively, one can say that P-i-T measures seek to
incorporate all the information available up to the current
date and, hence, these measures change with the fluctuation
of economic conjuncture. On the contrary, T-t-C measures
are constant throughout the business cycle.

Figure 1 illustrates this dichotomy in the case of historical
global corporate default studies. Figure 1 depicts the global
corporate default rate, calculated as the average between the
observed default rates (ODR) reported by the two major
rating agencies; see S&P Global [26] and Moody’s Investors
Services [27]. The data incorporate the totality of default
occurring across all the rating categories of the rated uni-
verses along the calendar years.

As can be seen from Figure 1, the annual default rate
changes with time, climbing above and dropping below its
average T-t-C level according to either good or bad shape of
global economy. This is well evidenced looking backward, as
this is what the ODR measure is all about.

The PD projection considerations differ from this mind-
set, as now we need to look forward into the future from the
current point in the economic cycle. As the global corporate
default rate changes along the time, it is reasonable to assume
that such changes will be present in forward-looking PD
projections, too. It is also expectable that the forward-looking
PD for a chosen corporate entity may vary with fluctuations
in micro- and macroeconomic conditions. The CDS spread
quotes for any chosen reference entity and for any maturity
point will not remain constant as time advances, indicating
uninterrupted changes in its creditworthiness. So the future
PD will also fluctuate around its average T-t-C value.

Figure 2 schematically visualizes the projected future
behavior of the selected default related metrics for a

1Y
 P

D

Time into the future
T = 1 reporting period

CDS-implied 1Y PD projection
Calibrated 1Y PD projection
Average T-t-C 1Y PD projection

Figure 2: Illustrative 1Y PD projections.

hypothetical corporate entity. This figure does not pretend
to suggest any concrete shape of a time dynamics of the
parameters, but it is somehow inspired by the historically
observed trends as per Figure 1.

Although the sole purpose of Figure 2 is to serve
as a visual aid for a better comprehension of conceptual
foundation of the proposed methodology, it is important to
underline that the proportions of the chart correctly represent
the relative values of the calibrated 1Y PD projections and the
average T-t-C 1Y PD, as the latter is but the time average of
the former.

In this way, Figure 2 allows perceiving the basic princi-
pal of the proposed approach. We project forward-looking
PDs into the future in such a manner that the mean PD
value of a sample, composed by the entities of the similar
creditworthiness and averaged along the projection horizon,
becomes equal to the historical ODR corresponding to the
credit quality of the sample. In fact, the historically observed
ODR is somewhat extrapolated into the future in a form of
the average T-t-C PD. In other words, the projected forward-
looking PDs become anchored to the historical ODRs.

Figure 2 shows what happens for just one point in the
forward-looking PD term structure, namely, 1Y point. The
same rational is also applied to cumulative PDs for diverse
future horizons. Figure 3 schematically represents how the
shape of a hypothetical PD term structure would vary in
accordance with changes in the economic scenario.

Figure 3 shows that, under the T-t-C approach, a pro-
jected cumulative PD term structure does not vary with
the cycle, since the T-t-C PDs are but the long-run ODRs.
However, the corporate creditworthiness depends upon the
state of economy and is expected to fluctuate in the years
subjacent to projection horizon. Hence, a realistic projected
cumulative PD term structure must be adjusted to reflect
current and future economic conditions subjacent to a chosen
macroeconomic scenario.

As a borrower default risk moves up or down through
the economic cycle, the conditions-sensitive PD projection
models are supposed to incorporate currently available infor-
mation on the state of economy and assess default risk at
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Figure 3: Schematic projections of a scenario-dependent PD term
structure.

each point within the cycle. So realistic moment-sensitive
projections of a chosen PD term structure ought to be
used as a base for ECL allowance calculations under CECL
framework.

In addition, when estimating lifetime ECL, the condi-
tions-sensitive PD term structure must cover the entire loss
projection horizon up to the contractual maturity of a finan-
cial instrument. A realistic forecast of the forward-looking
PD term structure projects the cash flows and calculates the
ECL allowance, among other metrics.

At this point, it is worth making a special comment,
back regarding Exhibit 2. It is easy to see that the depicted
CDS-implied PDs are inflated relative to the calibrated PD
projection, anchored to the T-t-C PD, or the ODR. The next
subsection discusses this issue in a major detail and focuses
on the default and nondefault components present in CDS
spreads.

2.3. Default versus Nondefault Spread Component. Default
risk is only one of the factors contributing towards the
CDS spread. Other factors include protection seller premium
related to the future uncertainty, compensations for eventual
illiquidity of CDS instruments, and political and disaster risk
among many other aspects of nondefault origin.

That is why the average historically observed default rates
(ODRs) for corporate obligors are typically much smaller
in comparison to the average would-be hypothetical default
rates as implied by nonadjusted CDS spreads. The default
component hence is only a fraction of CDS spreads for the
whole specter of corporate credit ratings.

Still, this fact alone does not allow making a conclusion
regarding fairness of the total width of CDS spread, because,
even in absence of other risks, the default component ismeant
to be only a part of the total CDS spread as the other part is a
premium demanded by credit protection seller.

Protection sellers require such premium because the
uncertainty of default presents systematic features, as default
losses are more likely to negatively affect protection seller
precisely when economy is in bad shape. It is worth noting

that exactly because of the tendency for default events to
cluster around economy downturns, the credit protection
seller premium can be potentially very large.

To assure an unbiased estimation of PDs, we calibrate
the spread-implied PDs by anchoring them to the long-run
ODRs. Such calibration guarantees that our final P-i-T PDs
estimates are commensurate in scale with historically verified
ODRs.

In recent times, the process of deriving PDs and ratings
fromCDS spreads has been widely discussed in the literature;
see Heynderickx et al. [18] and Jansen and Fabozzi [28] and
references therein. Another research by Gubareva and Borges
[16] is also related to our work, where CDS spreads are used
as a proxy for credit risk metrics while addressing economic
capital optimization strategies.

Herein we discuss the conceptual aspects of the above-
mentioned PD calibration aimed at distilling the pure default
compensation part fromCDS spread, as CDS spreads contain
considerable nondefault component. We recommend for
additional reading papers by Longstaff et al. [29], Tang and
Yan [30], Bongaerts et al. [31], and Arakelyan and Serrano
[20], which provide liquidity studies focused on the CDS
market.

An uncertainty-related risk premium of CDS spreads
is also worth mentioning; that is, CDS spreads contain an
additional premium demanded by credit protection sellers,
which is related to the unpredictable distress changes in the
default risk environment. See Berndt et al. [32] and references
therein.

Furthermore, the paper by Bekaert et al. [33] alerts on
another nondefault risk component present in CDS spreads,
which has its origins in political risk.

In addition to the above-mentioned components of CDS
spreads, one needs to also consider a component destined
to compensate the cost of capital, allocated for CDS instru-
ments. These CDS instruments, even though recognized off
balance sheet, still result in capital consumption incurred
by financial institutions. Consequently, the necessity to hold
a capital affects CDS prices and spreads; see Gubareva and
Borges [16].

Thus, if CDS spreads are employed unadjusted to derive
the implied PDmetrics, the nondefault component in spreads
would result in an inflationary bias during the assessment of
PDs, due to the presence of the nondefault component of CDS
spreads.

Therefore, although CDS spread quotes are frequently
available in the market for many corporate reference entities,
they must undergo a process of adjustment as diverse nonde-
fault risks explain a relevant part of CDS spreads.

The question is how to calibrate inflated P-i-T PDs,
implied by unadjusted CDS-spread, in order to receive unbi-
ased PDs, commensurate in scale with historically verified
ODRs, while preserving specific individual entity informa-
tion incorporated in CDS spread quotes.

It is not a simple issue as a P-i-T forward-looking
PD is an individual measure, while the long-run through-
the-cycle (T-t-C) ODRs are by their nature the aggregate
measures. It is like comparing apple to oranges.Thus, to allow
for meaningful comparison between P-i-T PDs and T-t-C
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ODRs, the P-i-T forward-looking individual PDs ought to be
subjected to a two-fold averaging procedure: over the long
run and across the sample of the obligors characterized by
a credit quality similar to the analyzed obligor.This will allow
comparing comparable measures, that is, to have a sort of
oranges-to-oranges comparison.

3. Calibration Methodology

In this section, we present a new calibration approach for
forward-looking PD projections, which anchors the pro-
jected means of PDs to the T-t-C ODRs, reported by the
major rating agencies for different ratings and time horizons.

The proposed method is based on historical default
data. It is capable of providing consistent estimates of the
default component of CDS spreads. We examine in detail
the relationship between the average historical levels of CDS
spreads, based on daily quotes data series, and the historically
observed long-run ODRs. This methodological feature guar-
antees a neutral character of the resulting forward-looking
PD projections.

To obtain our results, we separately work with seven large
samples, consisting of reference entities, grouped according
to similarity in the credit quality of sample constituents,
in our case, BBB+, BBB, BBB-, BB+, BB, BB-, and those
with credit ratings below BB-. For each sample and for each
time horizon, we calculate the long-run historical average of
the sample’s mean “would-be” cumulative PD derived from
single-name CDS spreads of the sample’s constituents. Then
we calibrate these cumulative PDs by normalizing them to the
levels consistent with data on the respective historical ODR.

For a chosen sample, to reach the calibration target,
we gauge the WDC of CDS spreads for each time horizon
of the analyzed PD term structure. The debt seniority of
the analyzed CDS contracts is of senior unsecured type.
Additionally, we use an assumption that each reference entity
has a senior unsecured bond outstanding and that the bonds
issued by our reference entities have, on average, across the
sample and along the time, the same probability of default as
the historical ODRs for bonds of the same seniority and credit
rating. The LGD parameter for the senior unsecured debt is
assumed to be equal to the market consensus figure of 60%,
which is close to the historical LGD values for such type of
bonds.

The mechanics of our calibration is based on the widely
used formula, which establishes relationship between CDS
spread, maturity, and loss given default (see, e.g., Choudhry
[14], page 155):

𝑃𝐷𝑐𝑢𝑚 (𝑇) =
{1– exp (−𝑆𝑝𝑟𝑒𝑎𝑑 × 𝑇)}

𝐿𝐺𝐷
(1)

where 𝑃𝐷𝑐𝑢𝑚(𝑇) stands for cumulative PD, Spread represents
CDS spread for the maturity T, and LGD stands for loss given
default.

Hence, having a CDS spread for a maturity T, we can
calculate the implied cumulative PDcum(T) for the respective
time horizon, and vice versa. But this is in theory, as (1) is
valid only if Spread is a pure default spread or the default
component of CDS spread. Now, the main question we need

to answer is how to distill solely the default component of
CDS spreads.

At this stage, we need a help of the reverse financial
engineering. The long-run average of the mean default fre-
quency observed for a chosen sample of issuers with similar
creditworthiness defines the average default spread or the
default component of across-the-sample mean CDS spread,
averaged along the corresponding data history. Henceforth,
the expression for long-run average of mean, hypothetical
exclusively default-compensating spread of a selected sample
of obligors, is

𝑆𝑝𝑟𝑒𝑎𝑑𝐿𝑅 𝐷 (𝑇) = −
ln {1 − 𝑂𝐷𝑅𝑐𝑢𝑚 (𝑇) × 𝑂𝐿𝐺𝐷}

𝑇
(2)

where spread 𝑆𝑝𝑟𝑒𝑎𝑑𝐿𝑅 𝐷 stands for a would-be long-run
default spread, ODRcum(T) stands for T-years cumulative
long-run ODR, and OLGD stands for the time-average of the
observed LGDs.

On the other hand, the long-run average of mean
observed credit spread for a sample of obligors may be found
by double averaging procedure: across-the-sample and along
the analyzed long-run interval. That is,

𝑆𝑝𝑟𝑒𝑎𝑑𝐿𝑅 𝐴𝑉𝐺 (𝑇)

= 𝐴𝑉𝐸𝑅𝐴𝐺𝐸𝐿𝑅 [𝐴𝑉𝐸𝑅𝐴𝐺𝐸𝑆𝑎𝑚𝑝𝑙𝑒 {𝑆𝑝𝑟𝑒𝑎𝑑𝑖 (𝑑, 𝑇)}]
(3)

where 𝑆𝑝𝑟𝑒𝑎𝑑𝐿𝑅 𝐴𝑉𝐺 stands for long-run across-the-sample
average of individual credit spreads (Spreadi(d, T)) for
maturity 𝑇 historically observed at each available date 𝑑
within the long-run interval. But, as already discussed, this
𝑆𝑝𝑟𝑒𝑎𝑑𝐿𝑅 𝐴𝑉𝐺 represents a sum of the components, being the
default and the nondefault parts.

Now we arrive at the corner stone of the proposed
methodology and can empirically filter out the nondefault
component of CDS spreads and stay with the pure default
compensation part. On average, for the ratio 𝑊𝐷𝐶𝑆𝑎𝑚𝑝𝑙𝑒(T)
of CDS spread, we can write the following expression:

𝑊𝐷𝐶𝑆𝑎𝑚𝑝𝑙𝑒 (𝑇) =
𝑆𝑝𝑟𝑒𝑎𝑑𝐿𝑅 𝐷 (𝑇)

𝑆𝑝𝑟𝑒𝑎𝑑𝐿𝑅 𝐴𝑉𝐺 (𝑇)
(4)

Thus, we are able to perform calibration of a current value of
CDS spread in order to distil solely the default component.
We just need to multiply a forward-looking current CDS
Spreadi (current date, T) of an issuer 𝑖 from a chosen sample
by 𝑊𝐷𝐶𝑆𝑎𝑚𝑝𝑙𝑒(T) calculated for the sample to which the
selected issuer belongs. Thus, at any current date for the pure
default compensation 𝑆𝑝𝑟𝑒𝑎𝑑𝑖 𝐷 (current date, T), we have

𝑆𝑝𝑟𝑒𝑎𝑑𝑖 𝐷 (𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑑𝑎𝑡𝑒, 𝑇)

= 𝑆𝑝𝑟𝑒𝑎𝑑𝑖 (𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑑𝑎𝑡𝑒, 𝑇) x 𝑊𝐷𝐶𝑆𝑎𝑚𝑝𝑙𝑒 (𝑇)
(5)

This default component, 𝑆𝑝𝑟𝑒𝑎𝑑𝑖 𝐷 (current date, T), ought to
be used for projecting forward-looking cumulative PDcum(T)
by means of (1).

The next section presents the result of our analyses in
a form of the term structures of 𝑊𝐷𝐶𝑆𝑎𝑚𝑝𝑙𝑒(T) for diverse
categories of credit quality of corporate entities.
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Table 1: Term structures of CDSWDCs for selected rating categories.

Credit Rating Grade Number of entities in
the sample

Maturity
(years)

1 3 5 7 10
BBB+ 76 11.0% 12.0% 10.9% 10.9% 10.9%
BBB 86 20.7% 18.0% 16.1% 15.0% 14.7%
BBB- 54 24.0% 23.8% 20.9% 19.2% 17.9%
BB+ 38 20.2% 27.9% 25.3% 23.3% 21.0%
BB 17 34.3% 35.2% 28.7% 24.9% 23.1%
BB- 20 53.3% 53.0% 43.1% 38.7% 34.8%
below BB- 16 57.0% 56.6% 46.1% 41.3% 37.2%

4. Results: Weights of the Default Component
of CDS Spreads

It is worth recalling that the proposed approach is based
on the two-dimensional time-ensemble average of daily
historical CDS market data observed through the complete
economic cycle, to the T-t-C metrics of ODR, derived from
the observed default frequencies reported by the credit rating
agencies. Hence, it is possible to determine the WDC in
market-quoted CDS spreads for all points of the CDS spread
term structure.

Our extensive decade-long data panel on 250 IG names
and 75 HY entities comprises the end-of-the-day mid-spread
single-name CDS spread quotes as per CMAN provider
(New York office of CMA Datavision) on a daily basis,
for 1-, 3-, 5-, 7-, and 10-year tenors. We exclude sovereign
reference entities from our analysis in order to have the
panel data compatible with the reports on corporate issuers’
T-t-C ODRs published by Standard & Poor’s and Moody’s
rating agencies; see S&P Global [26] and Moody’s Investors
Service [27]. Our ODR master scale is constructed as a mean
value of the respective S&P and Moody’s ODR figures. For
S&P default rates, we use Table 26, from S&P Global [26],
presenting Global Corporate Average Cumulative Default
Rates by Rating Modifier (1981-2016). For Moody’s default
rates, we operate with the data from Exhibit 35 providing
Average Cumulative Issuer-Weighted Global Default Rates by
Alphanumeric Rating, 1983-2016.

The time history of the CDS spread data series employed
for averaging of historically observed daily quotes covers the
10-year period, from July 2007 to June 2017.

As already mentioned, to estimate the WDCs of CDS
spreads, we separately work with seven large samples, con-
sisting of reference entities, grouped according to similarity
in the credit quality of sample constituents, in our case, BBB+,
BBB, BBB-, BB+, BB, BB-, and those with credit ratings below
BB-. The selection of the sample is automatically defined by
the twomain criteria, which restrict eligibility of constituents
for a sample of a chosen rating quality, with exception of
the below BB- sample for which a different methodology,
explained later, is used.

First, for each eligible reference entity to be a part of a
sample, the CDS quotes history must cover all the analyzed
10-year period.

Second, we also eliminate from the sample all those
names, whose Basel rating, the second best, fluctuated more
than within one notch up and one notch downwith respect to
the targeted credit rating of the sample within the considered
10-year-long observation window.

Such double data cleansing has the purpose of averaging
only spreads corresponding to a chosen credit quality, for
which the historical ODR data were computed by the rating
agencies.

The lists of the companies considered for BBB+, BBB,
BBB-, BB+, BB, and BB- samples in order to assess the
WDCs are presented in Appendices A–F, respectively. The
details of calculations involved are detailed in Appendix G.
The methodology based on a second-degree calibration,
developed for below BB- rating, is explained in Appendix H,
which also provides details of the considered corporate
entities and their securities.

Table 1 presents the term structures of the WDCs of
CDS spreads for several different categories of the credit
quality of the CDS reference entities.

Table 1 shows that the default risk for IG BBB range
represents only a small part, varying between 10% and
24%. For HY BBB range, it remains within 21% to 54%
interval, while for ratings below BB- it varies from 37% to
57% depending on the considered maturity, representing on
average roughly a half of a CDS spread.

For all the maturities, the WDC grows as credit quality
drops, with the only exception observed for BB+ rating at 1Y
point, perhaps due to liquidity related chock at the crossover
from IG to HY range.

For all the considered rating categories, from 3Y point
towards the long end of the term structure, the WDC
diminishes reflecting augmenting uncertainty concerns. For
longer than 5Y maturities, such behavior is further enforced
by the diminishing liquidity of the CDS instruments, as the
most liquid point, at which a major part of trading occurs
around 5-year maturity contracts.

From qualitative point of view, our results are in line with
outcomes of other researches on CDS spread components
(Longstaff et al. [29], Lin et al. [34], Chen H. et al., and
Arakelyan and Serrano [20]).

On the quantitative side, our findings contrast the out-
comes of Arakelyan and Serrano [20] for the period of 2004-
2011, as authors find that, on average, the default risk premium
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accounts for 40%ofCDS spreads.Our empirical data suggests
that the default risk premium for BBB entities, on average,
is below 20% of CDS spreads, as per the three top rows of
Table 1.

From a quantitative point of view, our numerical results
represent a fundamental contribution to the existing litera-
ture on this subject.They reach beyond the current frontier in
the empirical research on thematter in a sense that our figures
are based on daily empirical data subjacent to a decade-
long time window from 2007 to 2017, comprising distinct
phases of the business cycle. The fact that the analyzed data
history spreads over both distress and normal economic
conditions assures robustness of the outcomes, especially for
being employed in calculating life-long ECL.

In the next chapter, we provide several examples shedding
light on how the WDCs could be used to calibrate PDs,
implied by CDS spread quotes. We exemplify an applica-
tion of our ready-to-use methodology to calculate CECL-
compliant ECL for a selected set of IG and HY exposures.

5. Application: Examples of WDC Use in CDS-
Based ECL Calculations

In order to illustrate the applicability of our approach to
low default portfolios, we select five different investments in
corporate bonds. The chosen debt issues are the following:
CBS Corp bond with maturity, February 15, 2023 (ISIN
US124857AS26); Goodyear Tire & Rubber company bond
withmaturity,November 15, 2023 (ISINUS382550BE09); and
Windstream Services LLC bond with maturity, August 01,
2023 (ISIN US97381WAZ77). The end date of the reporting
period, used as a reference date for ECL calculation, is chosen
to be March 30, 2018.

In accordance with CECL framework, see FABS (2016),
if an entity estimates expected credit losses using methods
that project future principal and interest cash flows, that is,
DCF–PD/LGD method, the entity shall discount expected
cash flows at the financial asset’s effective interest rate. When
a discounted cash flow method is applied, the allowance for
credit losses shall reflect the difference between the amortized
cost basis and the net present value of the expected cash flows.
Hence, we calculate the ECL as follows for the requirements
established by IFRS 9:

𝐸𝐶𝐿 =
𝑇

∑
𝑡=1

𝑃𝐷 (𝑡) × 𝐿𝐺𝐷 × 𝐸𝐴𝐷 (𝑡)
(1 + 𝐸𝐼𝑅)𝑡

(6)

where PD(t) is a marginal forward-looking PD, subjacent
to the current point in the economic cycle, EAD(t) is an
exposure at default relative to a time interval t, LGD is a loss
given default, andEIR stands for original effective interest rate
when the asset was first recognized.

In the considered examples herein, for simplicity reasons,
we use LGD value of 60%, which is a market consensus
for senior unsecured debt. We also assume that the bond
assets were purchased at their issue date, allowing us to
use the initial yield at issue as a proxy for EIR. As our
work is not focused on the finest details of the accounting
algorithms of CECL-compliant EAD calculations, we employ
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Figure 4: CBS Corp term structures: CDS spread and default com-
ponent.

an assumption that the assets used in our examples were
originally recognized at par, and hence we calculate EAD as a
sum of the nominal value of the position and the coupon due
to be paid during the period t.

5.1. IG BBB-Rated Exposure to CBS Corp. As of March 30,
2018, themajor credit rating agencies, namely, S&P, Fitch, and
Moody’s, rate the senior unsecured debt of the CBS Corp as
BBB/BBB/Baa2, respectively. Hence, in our ECL calculations,
we use the WDC for BBB rating category, as per Table 1. Our
results are compiled in Table 2.

For the presented calculations in Table 2 we use the
CDS spread quotes of March 30, 2018, and calibrate them by
using the WDC from Table 1. For 0.5-year maturity point,
we apply the 1-year WDC. The spreads and the WDC for
the maturity point are obtained by the linear interpolation of
4-year and 5-year tenor figures. The purely default compen-
sation parts of the CDS spreads are transformed in current
marginal forward-looking PD projections. The coupon of
2,50% results in EAD per half-year period of 101,25 and for
yearly periods of 102,50. Finally, summing marginal ECL we
arrive at lifetime ECL of 0,61 percentage points.

In Figures 4 and 5 we present two charts, which shed
further light on the method to project forward-looking PDs,
as implied by CDS market information. Figure 4 presents
the term structure of the CBS Corp CDS spreads along with
the default spread component for each point of the term
structure, as of March 30, 2018.

As per Figure 4, we conclude that the default component
grows with time up to the 7-year point and then further
remains almost constant although it continues to slightly
increase with time. In Figure 4, the presented term structure
of the default component is used to derive, by means of (1),
the term structures of current cumulative and marginal PD
projections, depicted in Figure 5.

In Figure 5, we see that the current forward-looking
PD projections augment up to the 7-year point and then
moderately decay forward into the future. While an exact
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Table 2: Lifetime ECL for the bond of CBS Corp as of March 30, 2018.

Lifetime ECL for CBS Corp exposure as of March 30, 2018
Date (mm.yyyy) 09.2018 03.2019 03.2020 03.2021 03.2022 02.2023
Maturity horizon (years) (A) 0.5 1 2 3 4 4.9
Spread quotes (bps) 12.8 16.1 28.6 44.7 63.1 83.0
WDC of BBB-rated CDS 20.7% 20.7% 19.4% 18.0% 17.1% 16.2%
Default component (bps) 2.7 3.3 5.5 8.1 10.8 13.5
Current cumulative PD projection (see (1)) 0.02% 0.06% 0.18% 0.40% 0.72% 1.09%
Current marginal PD projection (B) 0.02% 0.03% 0.13% 0.22% 0.31% 0.37%
Coupon 2.50% 2.50% 2.50% 2.50% 2.50% 2.50%
Initial Yield (C) 2.50% 2.50% 2.50% 2.50% 2.50% 2.50%
LGD (D) 60% 60% 60% 60% 60% 60%
EAD/Nominal (p.p.) (E) 101.25 101.25 102.50 102.50 102.50 102.20
Marginal ECL (p.p.) (F = B×D×E / (1+C) ∧A) 0.01 0.02 0.08 0.12 0.17 0.20
ECL lifetime (p.p.) 0.61

Table 3: Lifetime ECL for the bond of the Goodyear Company as of March 30, 2018.

Lifetime ECL for Goodyear Company exposure as of March 30, 2018
Date (mm.yyyy) 09.2018 03.2019 03.2020 03.2021 03.2022 03.2023 11.2023
Maturity horizon (years) (A) 0.5 1 2 3 4 5 5.6
Spread quotes (bps) 20.7 31.5 45.4 68.9 103.9 141.3 161.5
WDC of BB-rated CDS 34.3% 34.3% 34.8% 35.2% 32.0% 28.7% 27.5%
Default component (bps) 7.1 10.8 15.8 24.3 33.2 40.6 44.4
Current cumulative PD projection (see (1)) 0.06% 0.18% 0.53% 1.21% 2.20% 3.35% 4.12%
Current marginal PD projection (B) 0.06% 0.12% 0.35% 0.68% 0.99% 1.15% 0.77%
Coupon 5.125% 5.125% 5.125% 5.125% 5.125% 5.125% 5.125%
Initial Yield (C) 5.125% 5.125% 5.125% 5.125% 5.125% 5.125% 5.125%
LGD (D) 60% 60% 60% 60% 60% 60% 60%
EAD/Nominal (p.p.) (E) 102.56 102.56 105.13 105.13 105.13 105.13 103.22
Marginal ECL (F = B×D×E / (1+C) ∧A) 0.04 0.07 0.20 0.37 0.51 0.56 0.36
ECL lifetime (p.p.) 2.11
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Figure 5: CBS Corp default risk structure: current PD projections.

interpretation of the factors behind the depicted dynamics
of annual marginal PD is rather difficult, the chart supports
the following insight. The market, through the CDS quotes,

implicitly considers that the most difficult years for CBS
Corp. to cope with its liabilities will be from the 6th to the
8th year into the future. Seemingly, as of March 30, 2018,
market participants do not envisage any other significant
stress for the long end of the term structure. Hence, we
find the description of future creditworthiness of CBS Corp.
presented by the term structure of the annual marginal
forward-looking PD as plausible and convincing to be used
in ECL calculations.

As could be seen in this example, the ECL calculations
were performed using the points of the PD term structure,
located within the positive slope of the curve, which means
that the issuer, although somewhat stressed, is not at an
imminence of default.

5.2. Lifetime ECL for a HY BB-Rated Exposure to Goodyear
Company. As of March 30, 2018, the senior unsecured bond
issued by Goodyear Tire & Rubber Company with maturity
date November 15, 2023, is rated BB by S&P and by Fitch,
and Ba3 by Moody’s, though the company long-term rating
is Ba2. Hence, in our ECL calculations, we use the WDC for
BB rating category, as per Table 1. Our results are compiled in
Table 3.
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Figure 6: Goodyear Company term structures: CDS spread and
default component.
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Figure 7: Goodyear Company default risk structure: current PD
projections.

In Table 3, for the presented calculations, we use the
CDS spread quotes of March 30, 2018, and calibrate them by
using the WDC from Table 1. The spreads and the WDC for
the maturity point are obtained by the linear interpolation of
5-year and 7-year tenor figures. The purely default compen-
sation parts of the CDS spreads are transformed in current
marginal forward-looking PD projections. Finally, summing
marginal ECL until maturity, we arrive at lifetime ECL of 2,11
percentage points.

In Figures 6 and 7 we present two charts, which shed
additional light on the method to project forward-looking
PDs, as implied by CDS market information. Figure 6
presents the term structure of the Nabors Industries Inc. CDS
spreads along with the default spread component for each
point of the term structure, as of March 30, 2018.

As per Figure 6, our calculations show that, for Goodyear
Company, the default component grows with time up to the
7-year point and then further on remains almost perfectly
constant. In Figure 6 , the presented term structure of
the default component is used to derive, by means of (1),

the term structures of current cumulative and marginal PD
projections, depicted in Figure 7.

In Figure 7, we see that the current forward-looking
PD projections augment up to the 7-year point and then
moderately decay forward into the future. Seemingly, as of
March 30, 2018, market participants do not envisage any
increase in credit-related stress for the long end of the term
structure. We find the description of future creditworthiness
of Goodyear Company presented by the term structure of
the annual marginal forward-looking PD as plausible and
convincing to be used in ECL calculations.

As could be seen in this example, the ECL calculations
were performed using the points of the PD term structure,
located within the positive slope of the curve, which means
that the issuer, although somewhat stressed, is not at an
imminence of default.

5.3. Lifetime ECL for a HY below BB- Exposure to Windstream
Services LLC. Next, we apply our methodology to calculate
ECL for exposure to Windstream Services debt, rated B- by
SP, B by Fitch, and Caa1 by Moody’s, as of March 30, 2018.
We select the Windstream Services bond with maturity date
August 01, 2023, on purpose to demonstrate a capacity of our
approach to treat ECL of names under financial stress. In
our ECL calculations, we use the WDCs for the below BB-
rating category, as per Table 1. Our results are compiled in
Table 4.

For the presented calculations in Table 4 we use the CDS
spread quotes of March 30, 2018, and calibrate them by using
the WDC from Table 1. The spreads and the WDC for the
maturity point are obtained by the linear interpolation of 5-
year and 7-year tenor figures. The purely default compen-
sation parts of the CDS spreads are transformed in current
marginal forward-looking PD projections. Finally, summing
marginal ECL until maturity, we arrive at lifetime ECL of
46,61 percentage points.

In Figures 8 and 9 we present two charts, which shed
further light on the method to project forward-looking PDs,
as implied by CDS market information. Figure 8 presents
the term structure of the Windstream Services CDS spreads
along with the default spread component for each point of the
term structure, as of March 30, 2018.

The inverted, at the short end, term structure of CDS
spreads is considered to be an indication of an eventually
approaching default or debt restructuring. As per Figure 8, we
conclude that the default component decays from the level of
2200 bps at 0.5-year point to the 2-year point below 1500 bps
and then remains almost constant until the 5-year point and
then continues to gradually decay towards the long end of the
term structure. In Figure 8 , the presented term structure
of the default component is used to derive, by means of (1),
the term structures of current cumulative and marginal PD
projections, depicted in Figure 9.

In Figure 9, we see that the annual marginal forward-
looking P-i-T PD within the 1st year exhibits a negative
slope, reaching its local minima at 1-year point. Then it starts
growing and reaches its localmaximumaround the end of the
3rd year into the future and then exhibits a decay tendency
though quite inhomogeneous.
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Table 4: Lifetime ECL for the bond of the Windstream Services as of March 30, 2018.

Lifetime ECL for Windstream Services LLC exposure as of March 30, 2018
Date (mm.yyyy) 09.2018 03.2019 03.2020 03.2021 03.2022 03.2023 08.2023
Maturity horizon (years) (A) 0.5 1 2 3 4 5 5.3
Spread quotes (bps) 3808.2 2980.9 2428.9 2459.5 2692.2 3035.8 3036.7
WDC of BB-rated CDS 57.0% 57.0% 56.8% 56.6% 51.4% 46.1% 45.3%
Default component (bps) 2169.6 1698.2 1379.3 1392.1 1382.5 1399.7 1375.4
Current cumulative PD projection (see (1)) 17.13% 26.03% 40.18% 56.90% 70.80% 83.89% 86.70%
Current marginal PD projection (B) 17.13% 8.90% 14.15% 16.72% 13.90% 13.09% 2.81%
Coupon 6.375% 6.375% 6.375% 6.375% 6.375% 6.375% 6.375%
Initial Yield (C) 6.375% 6.375% 6.375% 6.375% 6.375% 6.375% 6.375%
LGD (D) 60% 60% 60% 60% 60% 60% 60%
EAD/Nominal (p.p.) (E) 103.19 103.19 106.38 106.38 106.38 106.38 102.17
Marginal ECL (F = B×D×E / (1+C) ∧A) 10.29 5.18 7.98 8.87 6.93 6.13 1.24
ECL lifetime (p.p.) 46.61
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Figure 8:WindstreamServices term structures: CDS spread and the
default component.

While an exact interpretation of the factors behind the
depicted dynamics of annual marginal PD is rather difficult,
the chart corroborates the following explanation. Themarket
through the CDS quotes implicitly considers that the most
difficult moment for Windstream Services to cope with its
liabilities lays within the next half a year. Seemingly, as of
March 30, 2018, market participants also envisage another
significant stress for the entity along the 2nd and the 3rd years
in the term structure.

We consider the description of future creditworthiness of
Windstream Services presented by the term structure of the
annual marginal PD to be plausible, convincing, and, hence,
applicable to ECL calculations.

Such a complex PD term structure results from the
current March 30, 2018, CDS spread quotes for diverse
points in the CDS term structure, which are representative
of prices at which market had cleared on March 18, 2018.
In our approach, we consider that these CDS represent all
future scenarios duly weighted and discounted by market
participants. Themore reliable and the less speculative are the
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Figure 9: Windstream Services term structure of default risk:
current PD projections.

quotes, the more accurate is the result of the proposed ECL
calculation methodology.

5.4. Additional Considerations. In is worth mentioning that
an alternative approach to assessment of default risk profile,
which is widely employed by financial industry players, is a
transformation of the T-t-C PDs into forward-looking PD
measures sensitive to the current point in the cycle by means
of hypothetic scenarios. Still it is rather impossible for the
T-t-C to current forward-looking PD conversion approach
to result in such a detailed description of forward-looking
marginal PDs, similar to those provided by our approach.

Differently from the commonly employed T-t-C to cur-
rent PD conversion procedure, which starts with the T-
t-C default rates and then converts them by means of
scenario analyses into the forward-looking PD projections,
our methodology incorporates the point-in-timeliness from
the very beginning as it commences with the forward-
looking term structure of quoted CDS spreads. Then, we
calibrate the otherwise inflated PDs by duly treating the
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spread components structure and distilling solely the default
compensation part.

In addition, our methodology could be coupled with sce-
nario analyses and macroeconomic considerations in order
to see how ECL will behave under increased or diminished
stress. However, these issues overcome the frame of the
present paper and will be addressed in the future research.

Although there is a vast universe of single-name CDS
curves and also of CDS indices (see Gubareva [35]), it does
not cover the whole specter of the bond issuers. It is worth
pointing out that the herein exemplified methodology can
be also applied in the case of obligors without CDS spread
curves; alternatively, instead of the CDS spread, the credit
spread of the individual BVAL curves over the respective risk-
free rates could be employed.

The applicability of the proposed approach could also be
extended to the entities, for which there exists neither single-
name CDS nor individual BVAL curves, as there is a wide
range of generic BVAL curves for diverse economy sectors
arranged according to letter rating grades. These generic
BVAL yield curves are accessible through the Bloomberg
terminal.

In such case, the term structure of the sector BVAL curve
could be employed to proxy the default risk term structure.
In addition, the adjustment procedure must be performed.
The ratio of the obligor’s yield to the sector’s BVAL yield to
maturity should be employed as a scaling factor to rescale the
BVAL curve yield at each point of the term structure. Then,
the proposed methodology, exemplified in our study for
obligors with the single-name CDS spread curves, becomes
fully applicable for BVAL-less obligors too.

Such methodology extension potentially allows for
almost complete and highly accurate coverage of the entire
bond domain of the fixed-income universe.

6. Conclusion

We develop CECL-compliant original methodology to cali-
brate forward-looking PDs estimates, based on CDS market
information, thus making such PDs projections employable
for the ECL calculations. Our approach is based on an
innovative technique suitable for distilling the pure default
component in CDS spreads.

To enable economic adjustment of PDs, we consider
seven homogeneous samples corresponding to BBB+, BBB,
BBB-, BB+, BB, BB-, and below-BB rating ranges, assuring
in this manner a similarity in issuers’ creditworthiness across
each sample. Then, we analyze the relationship between a
long-run average of the across-the-sample mean value of the
CDS spreads of a chosen maturity, on one hand, and, on the
other hand, the spread, implied by the long-run average of the
respective cumulative ODR.

In this manner, we solve the problem of calibrating of an
issuer’s current forward-looking PD, which is an individual
metrics, to the cumulative default rate, which is an aggregate
measure relative to the cohort-like sample of individual
issuers.

We provide the empirical results regarding the average
WDC for each point in the CDS spread term structures

derived for the seven different ranges of issuers’ creditwor-
thiness and empirically evidence that for BBB and BB rating
categories nondefault risks are responsible for a major part of
a CDS spread.

We evidence that the average value of the WDC for BBB
reference entities represents only a small fraction, on average
below 20% of CDS spread, while for BB entities this fraction
is somewhat bigger, but still it predominantly remains below
40% of CDS spreads for all the tenors. Being qualitatively
in line with previous research on nondefault drivers of CDS
spreads, our results contrast with the quantitative findings of
Arakelyan and Serrano [20], reporting that, on average, the
default risk premium accounts for 40% of CDS spreads. In
addition, it is important to stress that differently to previous
research we provide WDC for each forward term and for
several ranges of credit ratings.

To overcome the limited data on the below-BB sample, we
develop a second-degree calibration procedure, which allows
us to obtain the WDC for this low credit quality group of
reference entities. We find that the WDC for this category
varies between 57% and 37%, decaying for the long end of
the term structure.

The performed assessment of the WDC allows for objec-
tive, that is, unconditional projections of multiperiod PDs
to be used in ECL calculations. Our PDs are truly point-
dependent current measures incorporating forward-looking
information, as they are based on current CDS quotes, which
provide a current market forecast on default risk of reference
entities.

Differently from commonly employed approaches, which
use the T-t-C default rates and then transform them by
means of scenario analyses into the forward-looking PDs, our
approach incorporates the point-in-timeliness from the very
beginning as it starts with current quotes of CDS spreads,
which contain forward-looking information. As a next step
we calibrate these CDS spreads, by distilling the pure default
component.

In this manner, the developed approach permits optimiz-
ing modeling efforts and avoiding waste of time, spent by
financial institutions analyzing multiple scenarios in order to
incorporate point-in-timeliness and forward-looking aspects
into their otherwise T-t-C PDs. Another important draw-
down of the scenario-based approaches is an inherent sub-
jectivity related to scenario construction activities. Avoidance
of subjective assumptions and forecasts in our methodology
potentially enhances objectivity, robustness, and replicability
of ECL calculations as well as their comparability among the
field players.

CECL framework envisages the use of market sensitive
parameters and, henceforth, is expected to cause cyclicality in
provisions. However, what represents a potentially dangerous
systemic handicap is an eventual unintended procyclicality,
that is, amplified cycle-related fluctuations of impairment
allowances, driven by CECL implementation. Our approach
based on PDs calibration, which anchors them to the long-
run T-t-C ODRs, assures that fluctuations in provisions are
hold controlled by construction.

The employment of T-t-C ODRs for calibrating forward-
looking PDs in our methodology marks the initial step
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Table 5: Companies used for the IG BBB+ sample.

# CDS COMPANYNAME CDS CORP TICKER # CDS COMPANYNAME CDS CORP TICKER
1 Aetna Inc. AET 39 Humana Inc. HUM
2 Akzo Nobel NV AKZANA 40 Husky Energy Inc. HSECN
3 Alltel Corp VZ 41 Hyundai Motor Co HYNMOT
4 American Electric Power Co Inc. AEP 42 Ingersoll-Rand Co IR
5 Anthem Inc. ANTM 43 International Paper Co IP
6 AstraZeneca PLC AZN 44 Johnson Controls International JCI
7 AT&T Corp T 45 Kellogg Co K
8 Atlantia S.p.A. ATLIM 46 Kinder Morgan Energy Partner KMI
9 Auchan Holding SA AUCHAN 47 Kohl's Corp KSS
10 Baxter International Inc. BAX 48 Kraft Heinz Foods Co KHC
11 Bertelsmann SE & Co KGaA BERTEL 49 Kroger Co/The KR
12 BorgWarner Inc. BWA 50 LockheedMartin Corp LMT
13 Bouygues SA ENFP 51 Omnicom Group Inc. OMC
14 British Telecommunications PLC BRITEL 52 ONEOK Inc. OKE
15 Campbell Soup Co CPB 53 Packaging Corp of America PKG
16 Carrefour SA CAFP 54 Pepco Holdings LLC EXC
17 Centrica PLC CNALN 55 Pioneer Natural Resources Co PXD
18 Cigna Corp CI 56 POSCO POHANG
19 Clorox Co/The CLX 57 Potash Corp of Saskatchewan POTCN
20 Coca-Cola Amatil Ltd CCLAU 58 Progress Energy Inc. DUK
21 ConocoPhillips COP 59 PSEG Power LLC PEG
22 Continental AG CONGR 60 Qantas Airways Ltd QANAU
23 Corning Inc. GLW 61 Quest Diagnostics Inc. DGX
24 CSR Ltd CSRAU 62 Reliance Industries Ltd RILIN
25 CSX Corp CSX 63 Repsol Oil & Gas Canada Inc. TLMCN
26 CVS Health Corp CVS 64 Republic Services Inc. RSG
27 Eaton Corp ETN 65 Reynolds American Inc. RAI
28 Enbridge Energy Partners LP EEP 66 RPM International Inc. RPM
29 Enbridge Inc. ENBCN 67 Ryder System Inc. R
30 Energy Transfer LP ETP 68 Sempra Energy SRE
31 Entergy Corp ETR 69 Shaw Communications Inc. SJRCN
32 FedEx Corp FDX 70 Sherwin-Williams Co/The SHW
33 GATX Corp GMT 71 Southern Co/The SO
34 General Mills Inc. GIS 72 Southwest Airlines Co LUV
35 GS Caltex Corp GSCCOR 73 Spectra Energy Capital LLC SE
36 Halliburton Co HAL 74 Starwood Hotels & Resorts Wo HOT
37 Hasbro Inc. HAS 75 Suncor Energy Inc. SUCN
38 HP Inc. HPQ 76 TE Connectivity Ltd TEL

towards better convergence between capital quantifications
under Basel III/IV accord, usually tied to T-t-C metrics, and
CECL-compliant accounting treatment incorporating volatil-
ity of current economic conditions through the credit risk
parameters, changing with the cycle. The herein presented
framework allows for better comprehension of complex
ongoing interactions, on one hand, between the impairment
and economic capital requirements in relation to credit losses,
and, on the other hand, between credit risk management and
accounting.

We expect that our research will serve practical needs
of many financial institutions, being at the same time of
theoretical value for practitioners, regulators, and members

of scientific community during and after the implementation
of CECL requirements.

Appendix

A.

See Table 5.

B.

See Table 6.
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Table 6: Companies used for the IG BBB sample.

# CDS COMPANYNAME CDS CORP TICKER # CDS COMPANYNAME CDS CORP TICKER
1 Amcor Ltd/Australia AMCAU 44 Martin Marietta Materials Inc. MLM
2 AutoZone Inc. AZO 45 McKesson Corp MCK
3 BAE Systems PLC BALN 46 Medco Health Solutions Inc. ESRX
4 BCE Inc. BCECN 47 Metso OYJ METSO
5 British American Tobacco PLC BATSLN 48 Mondelez International Inc. MDLZ
6 CA Inc. CA 49 Newmont Mining Corp NEM
7 Canadian Natural Resources LP CNQCN 50 Next PLC NXTLN
8 Canadian Pacific Railway Co CP 51 NiSource Inc. NI
9 Capgemini SE CAPFP 52 Packaging Corp of America PKG
10 Cardinal Health Inc. CAH 53 Pearson PLC PSON
11 Carlsberg Breweries A/S CARLB 54 Pioneer Natural Resources Co PXD
12 CBS Corp CBS 55 PostNL NV PNLNA
13 CenterPoint Energy Inc. CNP 56 Publicis Groupe SA PUBFP
14 Cie de Saint-Gobain SGOFP 57 Reliance Industries Ltd RILIN
15 CMS Energy Corp CMS 58 Rentokil Initial PLC RTOLN
16 Computer Sciences Corp COMPSC 59 Republic Services Inc. RSG
17 Cox Communications Inc. COXENT 60 Rohm & Haas Co DOW
18 Delhaize America LLC ADNA 61 RWE AG RWE
19 Dominion Energy Inc. D 62 Securitas AB SECUSS
20 Dow Chemical Co/The DOW 63 SES SA SESGFP
21 DTE Energy Co DTE 64 Sky PLC SKYLN
22 E.ON SE EOANGR 65 Smiths Group PLC SMINLN
23 Eastman Chemical Co EMN 66 Solvay SA SOLBBB
24 Enbridge Inc. ENBCN 67 Spectra Energy Capital LLC SE
25 Endesa SA ELESM 68 Starwood Hotels & Resorts HOT
26 Enel S.p.A. ENELIM 69 Swedish Match AB SWEMAT
27 Entergy Corp ETR 70 Tate & Lyle PLC TATELN
28 Exelon Generation Co LLC EXC 71 TECO Energy Inc. TE
29 FedEx Corp FDX 72 Telekom Austria AG TKAAV
30 Gas Natural SDG SA GASSM 73 Textron Inc. TXT
31 GATX Corp GMT 74 TimeWarner Inc. TWX
32 Glencore International AG GLENLN 75 Tyson Foods Inc. TSN
33 GS Caltex Corp GSCCOR 76 Valeo SA FRFP
34 Hasbro Inc. HAS 77 Valero Energy Corp VLO
35 Hillshire Brands Co/The HSH 78 Veolia Environnement SA VIEFP
36 International Paper Co IP 79 Vivendi SA VIVFP
37 ISS Global A/S ISSDC 80 Waste Management Inc. WM
38 Kering KERFP 81 Western Union Co/The WU
39 Kingfisher PLC KGFLN 82 WestRockMWV LLC WRK
40 Koninklijke Ahold Delhaize N ADNA 83 Whirlpool Corp WHR
41 Kroger Co/The KR 84 Woolworths Ltd WOWAU
42 Lafarge SA LGFP 85 WPP 2005 Ltd WPPLN
43 Marriott International Inc. MAR 86 Xstrata Ltd XTALN

C.

See Table 7.

D.

See Table 8.

E.

See Table 9.

F.

See Table 10.
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Table 7: Companies used for the IG BBB- sample.

# CDS COMPANYNAME CDS CORP TICKER # CDS COMPANYNAME CDS CORP TICKER
1 Allergan Inc./United States AGN 28 Koninklijke KPN NV KPN
2 Altadis SA NA 29 Kraft Heinz Foods Co KHC
3 Anadarko Petroleum Corp APC 30 LANXESS AG LXSGR
4 Anglo American PLC AALLN 31 Macy's Inc. M
5 Apache Corp APA 32 Marathon Oil Corp MRO
6 Arrow Electronics Inc. ARW 33 Marks & Spencer PLC MARSPE
7 Avnet Inc. AVT 34 Masco Corp MAS
8 Barrick Gold Corp ABXCN 35 Mattel Inc. MAT
9 Boston Scientific Corp BSX 36 METRO AG CECGR
10 Carlton Communications Ltd ITVLN 37 Motorola Solutions Inc. MSI
11 Clariant AG CLNVX 38 Newell Brands Inc. NWL
12 Conagra Brands Inc. CAG 39 Noble Energy Inc. NBL
13 Constellation Brands Inc. STZ 40 Pernod Ricard SA RIFP
14 Darden Restaurants Inc. DRI 41 Renault SA RENAUL
15 Deutsche Lufthansa AG LHAGR 42 Repsol Oil & Gas Canada Inc. TLMCN
16 Devon Energy Corp DVN 43 Repsol SA REPSM
17 Domtar Corp UFS 44 SKF AB SKFBSS
18 DR Horton Inc. DHI 45 STMicroelectronics NV STM
19 EDP - Energias de Portugal S EDPPL 46 TDC A/S TDCDC
20 Enbridge Energy Partners LP EEP 47 Telefonica SA TELEFO
21 Energy Transfer LP ETP 48 Tesoro Corp TSO
22 Exelon Corp EXC 49 UBM PLC UBMLN
23 Fresenius SE & Co KGaA FREGR 50 Universal Corp/VA UVV
24 GKN Holdings PLC GKNLN 51 UPM-Kymmene OYJ UPMFH
25 Imperial Brands PLC IMBLN 52 Viacom Inc. VIA
26 ITV PLC ITVLN 53 Wendel SA MWDP
27 Kohl's Corp KSS 54 Xerox Corp XRX

Table 8: Companies used for the HY BB+ sample.

# CDS COMPANYNAME CDS CORP TICKER # CDS COMPANYNAME CDS CORP TICKER
1 Alstom SA ALOFP 20 MDCHoldings Inc. MDC
2 ArcelorMittal Finance SCA MTNA 21 Metsa Board OYJ METSA
3 Arconic Inc. ARNC 22 Nielsen Co BV/The NLSN
4 Belo Corp TGNA 23 Nokia OYJ NOKIA
5 British Airways PLC IAGLN 24 NOVA Chemicals Corp NCX
6 Casino Guichard Perrachon SA COFP 25 Peugeot SA PEUGOT
7 Centex LLC PHM 26 Pitney Bowes Inc. PBI
8 Edison S.p.A. EDFFP 27 Plains All American Pipeline PAA
9 Embarq Corp EQ 28 PulteGroup Inc. PHM
10 Encana Corp ECACN 29 Qwest Corp CTL
11 Expedia Inc. EXPE 30 Smurfit Kappa Funding DAC SKGID
12 FirstEnergy Corp FE 31 Tata Motors Ltd TTMTIN
13 Gap Inc./The GPS 32 TEGNA Inc. TGNA
14 Gazprom PJSC GAZPRU 33 Telecom Italia S.p.A./Milano TITIM
15 Hanson Ltd HEIGR 34 Telefonaktiebolaget LM Ericsson ERICB
16 Hess Corp HES 35 Tesco PLC TSCOLN
17 L Brands Inc. LB 36 Toll Brothers Inc. TOL
18 Lennar Corp LEN 37 TransAlta Corp TACN
19 Leonardo S.p.A. LDOIM 38 Universal Health Services Inc. UHS
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Table 9: Companies used for the HY BB sample.

# CDS COMPANYNAME CDS CORP TICKER # CDS COMPANYNAME CDS CORP TICKER
1 AES Corp/VA AES 10 Nabors Industries Inc. NBR
2 Aramark Services Inc. ARMK 11 Norbord Inc. OSBCN
3 CenturyLink Inc. CTL 12 Olin Corp OLN
4 Colt Group SA COLTLN 13 Qwest Capital Funding Inc. CTL
5 Commercial Metals Co CMC 14 Stora Enso OYJ STERV
6 Ladbrokes Coral Group PLC LADLN 15 Thyssenkrupp AG TKAGR
7 Levi Strauss & Co LEVI 16 TUI AG TUIGR
8 Louisiana-Pacific Corp LPX 17 Williams Cos Inc./The WMB
9 Murphy Oil Corp MUR ---

Table 10: Companies used for the HY BB- sample.

# CDS COMPANYNAME CDS CORP TICKER # CDS COMPANYNAME CDS CORP TICKER
1 Amkor Technology Inc. AMKR 11 PolyOne Corp POL
2 Ashland LLC ASH 12 Pride International LLC ESV
3 Cooper Tire & Rubber Co CTBUS 13 Sealed Air Corp SEE
4 Dell Inc. DELL 14 Staples Inc. SPLS
5 Diamond Offshore Drilling In DO 15 Teck Resources Ltd TCKBCN
6 Fiat Chrysler Automobiles NV FCAIM 16 United Rentals North America URI
7 Freeport-McMoRan Corp FCX 17 Unitymedia GmbH UNITY
8 Freeport-McMoRan Inc. FCX 18 UPC Holding BV UPCB
9 Goodyear Tire & Rubber Co/The GT 19 Virgin Media Finance PLC VMED
10 Liberty Interactive LLC LINTA 20 Wind AF SA WINDIM

G. Details of WDC Calculations by
Rating Grades

See Table 11.

H. WDC Calculations for below-BB- Sample

While trying to compose the below-BB sample, we just do
not see enough entities with the stable but low ratings,
with 10-year-long CDS spread history. So, the qualitatively
new methodology for this rating range is necessary and
we construct a reasonable short-cut approach, based on an
additional second-degree calibration procedure.

As an initial trial set of the WDCs for the below-BB-
sample, we start using the term structure of the WDCs
for the BB- sample; see Exhibit 1. Then, for a chosen low
credit quality exposure, we calculate what would be the
ECL allowance and consequently obtain the would-be price
metrics based on the CDS quotes at the end date of a
chosen reporting period and the trial WDCs. In parallel,
we extract the price benchmark for the same date using
the Bloomberg Valuation service provider, that is, a BVAL
price.

By comparing the would-be price, implied by the WDC-
calibrated CDS spread, to BVAL price we find what should be
the adjustment coefficient to be applied to the trial setWDCs,
used as inputs. By repeating this algorithm for several below-
BB- exposures and diverse reporting dates, our second-
degree calibration procedure becomes more reliable and

more robust. That is, the bigger the number of the positions
and the number of the trial reporting dates are, the higher the
precision of the final WDC figures would be.

We use a sample, consisting of 4 bonds and 4 reporting
dates, that is, 16 calibrations. The retained securities are
Frontier Corporation Corp bond with maturity on April
15, 2024 (ISIN US35906AAN81), Astaldi S.p.A. bond with
maturity on June 21, 2024 (ISIN XS1634544248), Sears Hold-
ing Corp bond with maturity on December 15, 2019 (ISIN
US812350AF31), and Windstream Services LLC bond with
maturity on August 01, 2023 (ISIN US97381WAZ77), all of
which are classified as Stage 2. The lifetime ECL is calculated
as exemplified in Sections 5.1 and 5.2 (See Table 12).

Data Availability

The data could be provided on demand.
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Table 11

(a) WDC term structure calculation for BBB+ sample

Selected debt metrics: BBB+ sample
Maturity (years) 1 3 5 7 10
Avg. (2007-2017) BBB+ sample’s CDS spread (bps) (A) 35.1 57.3 81.0 96.0 107.5
SP-Moody’s average T-t-C sample’s cumulative ODR 0.1% 0.3% 0.7% 1.2% 1.9%
ODR implied average BBB+ sample’s spread (bps) (B) 3.8 6.9 8.9 10.5 11.7
Weight of the Default Component (WDC = B/A) 11.0% 12.0% 10.9% 10.9% 10.9%

(b) WDC term structure calculation for BBB sample

Selected debt metrics: BBB sample
Maturity (years) 1 3 5 7 10
Avg. (2007-2017) BBB sample’s CDS spread (bps) (A) 50.4 80.6 112.3 131.2 144.4
SP-Moody’s average T-t-C sample’s cumulative ODR 0.2% 0.7% 1.5% 2.3% 3.5%
ODR implied average BBB sample’s spread (bps) (B) 10.4 14.5 18.1 19.7 21.3
Weight of the Default Component (WDC = B/A) 20.7% 18.0% 16.1% 15.0% 14.7%

(c) WDC term structure calculation for BBB- sample

Selected debt metrics: BBB- sample
Maturity (years) 1 3 5 7 10
Avg. (2007-2017) BBB- sample’s CDS spread (bps) (A) 65.5 108.6 152.0 175.7 190.4
SP-Moody’s average T-t-C sample’s cumulative ODR 0.3% 1.3% 2.6% 3.9% 5.6%
ODR implied average BBB- sample’s spread (bps) (B) 15.7 25.9 31.8 33.7 34.1
Weight of the Default Component (WDC = B/A) 24.0% 23.8% 20.9% 19.2% 17.9%

(d) WDC term structure calculation for BB+ sample

Selected debt metrics: BB+ sample
Maturity (years) 1 3 5 7 10
Avg. (2007-2017) BB+ sample’s CDS spread (bps) (A) 123.6 179.0 230.0 255.3 266.9
SP-Moody’s average T-t-C sample’s cumulative ODR 0.4% 2.5% 4.8% 6.8% 9.1%
ODR implied average BB+ sample’s spread (bps) (B) 24.9 50.0 58.1 59.6 56.0
Weight of the Default Component (WDC = B/A) 20.2% 27.9% 25.3% 23.3% 21.0%

(e) WDC term structure calculation for BB sample

Selected debt metrics: BB sample
Maturity (years) 1 3 5 7 10
Avg. (2007-2017) BB sample’s CDS spread (bps) (A) 118.0 201.9 281.4 314.3 329.6
SP-Moody’s average T-t-C sample’s cumulative ODR 0.7% 3.5% 6.6% 8.9% 12.2%
ODR implied average BB sample’s spread (bps) (B) 40.4 71.2 80.8 78.3 76.1
Weight of the Default Component (WDC = B/A) 34.3% 35.2% 28.7% 24.9% 23.1%

(f) WDC term structure calculation for BB- sample

Selected debt metrics: BB- sample
Maturity (years) 1 3 5 7 10
Avg. (2007-2017) BB- sample’s CDS spread (bps) (A) 142.5 247.5 339.3 376.9 392.7
SP-Moody’s average T-t-C sample’s cumulative ODR 1.3% 6.4% 11.8% 16.2% 21.3%
ODR implied average BB- sample’s spread (bps) (B) 75.9 131.1 146.3 145.7 136.6
Weight of the Default Component (WDC = B/A) 53.3% 53.0% 43.1% 38.7% 34.8%
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Table 12: Adjustment coefficient for below BB- grade to be applied to BB- WDCs: CDS-based ECL versus BVAL price calibration.

Credit Metrics Reporting Date
Frontier Communication bond: FTR 7.625 04/15/24 29/12/2017 31/1/2018 28/2/2018 30/3/2018
BVAL mid price (Px) 63.16 66.23 63.55 62.62
Lifetime ECL based on BVAL (ECL BVAL = 1 - Px) 36.84 33.77 36.46 37.38
Lifetime ECL based on CDS spreads and BB- WDCs 34.50 30.48 29.21 31.35
Adjustment coefficient to WDCs equating the ECLs 1.09 1.14 1.33 1.26
Average adjustment coefficient to the BB- WDC 1.20
Astaldi S.p.A. bond: ASTIM 4.875 06/21/24 29/12/2017 31/1/2018 28/2/2018 30/3/2018
BVAL mid price (Px) 53.12 66.90 61.52 59.72
Lifetime ECL based on BVAL (ECL BVAL = 1 - Px) 46.88 33.10 38.48 40.28
Lifetime ECL based on CDS spreads and BB- WDCs 50.61 34.13 62.26 37.46
Adjustment coefficient to WDCs equating the ECLs 0.89 0.96 0.49 1.10
Average adjustment coefficient to the BB- WDC 0.86
Sears Holding Corp bond: SHLD 8 12/15/19 29/12/2017 31/1/2018 28/2/2018 30/3/2018
BVAL mid price (Px) 50.94 48.00 42.75 33.75
Lifetime ECL based on BVAL (ECL BVAL = 1 - Px) 49.06 52.00 57.25 66.25
Lifetime ECL based on CDS spreads and BB- WDCs 43.45 46.70 53.44 54.42
Adjustment coefficient to WDCs equating the ECLs 1.17 1.15 1.10 1.34
Average adjustment coefficient to the BB- WDC 1.19
Windstream Services bond: WIN 6.375 08/01/23 29/12/2017 31/1/2018 28/2/2018 30/3/2018
BVAL mid price (Px) 61.88 58.89 60.22 57.61
Lifetime ECL based on BVAL (ECL BVAL = 1 - Px) 38.12 41.11 39.78 42.39
Lifetime ECL based on CDS spreads and BB- WDCs 36.23 37.73 41.10 44.47
Adjustment coefficient to WDCs equating the ECLs 1.07 1.12 0.96 0.94
Average adjustment coefficient to the BB- WDC 1.02
Mean value of adjustment coefficient to the BB- WDC 1.07
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